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Abstract. Hand-foot-mouth disease (HFMD) is the most common and widespread infectious disease in the People’s Republic
of China. Although there has been a substantial increase of HFMD in many parts of the country in recent years, its spatial
dynamics and determinants remain unclear. When we collected and analysed weekly data on HFMD cases from 1,456 coun-
ties and the corresponding meteorological factors from 1 May 2008 to 27 March 2009, it was found that HFMD was spa-
tially dispersed across the country in the summer and winter, while clustered in the spring and autumn. The spatial varia-
tion of HFMD was found to be affected by a combination of climate variables, while its spatio-temporal transmission was
largely driven by temperature variations with a 7-week lag implying that (i) the dispersal of the disease can be anticipated
based on the variation of the temperature and other climate variables; and (ii) the spatial dynamics of HFMD can be robust-
ly predicted 7 weeks ahead of time using temperature data only. The findings reported allow prompt preparation and imple-
mentation of appropriate public health interventions to control and prevent disease outbreaks.
Keywords: hand-foot-mouth disease, spatial dynamic, spatio-temporal transmission, People's Republic of China.
Introduction
Hand-foot-mouth disease (HFMD) is a human syn-
drome including fever, blister-like sores in the mouth
and a skin rash caused by intestinal viruses of the
picornaviridae family, most commonly coxsackie A
virus or enterovirus 71 (EV-71) (http://www.
cdc.gov/hand-foot-mouth/). With 0.5-1 million report-
ed cases annually, HFMD is the most frequent and
wide spread infectious disease in the People’s Republic
of China (P.R. China). A number of epidemiological
studies have been conducted to investigate its trans-
mission parameters and identify pathogens across dif-
ferent time periods and in different locations (Hii et
al., 2011; Wang et al., 2011a; Zhang et al., 2011).
Previous studies have shown that the disease is a mod-
erately transmittable infectious disease with an effec-
tive reproduction (the average number of secondary
cases caused by each case, during the infectious peri-
od) of approximately 1.4, mainly among preschool-
aged children. A higher risk of transmission is associ-
ated with temperatures in the range of 21°C to 27°C,
high relative humidity, low wind speed, high precipita-
tion, high population density and periods during
which schools are open (Wang et al., 2011a). Spatio-
temporal HFMD clusters, closely linked to the month-
ly precipitation, have been found in P.R. China (Wang
et al., 2011a). In Singapore, there is normally a 1-2
week delay in the incidence of HFMD in response to
weekly temperature changes and rainfall (Hii et al.,
2011). However, the spatial pattern of the disease is
not yet fully understood.
The spatio-temporal features of an infectious disease
is usually driven by determinants, which can provide
invaluable information for exploring the risk factors
of the disease and contribute to developing effective
measures to control and prevent its transmission
(Christakos, 2005; Wang et al., 2011a). Spatio-tempo-
ral analysis is increasingly used in epidemiological
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Fig. 1. Distribution of HFMD cases in P.R. China in May 2008.
research based on specific or routinely collected data
from different sources (Kulldorff, 1997; Haining,
2003; Riley, 2008). In a previous study, we used the
“self organization mapping-Bayesian maximum
entropy” (S-BME) technique (Christakos and
Hristopulos, 1998; Kolovos et al., 2010) to explore
the relationship between HFMD transmission and cli-
mate types on a moderate spatial scale (Wang et al.,
2011). However, this approach appeared to overly
compress the spatio-temporal information, sometimes
masking spatio-temporal trends resulting in loss of
critical information regarding the transmission process
(Wang et al., 2011a). We applied the mass centre
method (Wang, 2009) and Moran’s I (Moran, 1950)
to datasets of HFMD incidence and climatic drivers to
describe their spatial distribution and spatial cluster-
ing at each “time slice” in a series of temporal data to
illustrate the spatial dynamics of disease transmission.
The purpose was to explore the spatio-temporal asso-
ciation between disease transmission and climate vari-
ation and to discuss policy implications with respect to
intervention. 
Materials and methods
We focused on 1,456 counties in the East because
the western part of P.R. China is sparsely inhabited
(Fig. 1). These counties comprise 90% of the nation’s
population. Between 1 May 2008 and 27 March
2009, the average incidence of HFMD was 834.1 per
100,000 in these areas (Chinese Center for Disease
Control and Prevention, Beijing). We collected the
weekly average numbers of HFMD cases in the 1,456
counties as well as the weekly averages of the meteor-
ological variables (the mean, maximum and minimum
temperatures, air pressure, humidity, wind speed, pre-
cipitation and hours of sunshine). The disease data
were reported by the county hospitals to the Chinese
Center for Disease Control and Prevention, while the
climate information was provided by the Chinese
Meteorological Data Sharing Service System. The
weekly averages of the meteorological variables were
calculated based on the daily values recorded at 676
weather stations across the 1,456 counties.
Raw data usually contain too much noise to display
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Fig. 2. Flow-chart of the study.
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a pattern of a dynamic phenomenon. Conventional
statistics, time series or spatial statistics are therefore
often used to describe point estimates with either a
temporal or a spatial domain deriving the features of
the phenomenon in question from the analysis. Spatio-
temporal statistics is becoming a mainstream
approach to investigate the transmission and dispersal
of infectious diseases (Riley, 2008; Zhou, 2009;
Christakos, 2010; Wang et al., 2011a; Yu et al., 2011).
However, because spatio-temporal processes are inte-
grated and based on data from all domains, the study
of a single domain would neglect information from the
other domains. In the current study, spatial dynamics
of both case and cluster distributions were examined
by a series of spatial mass centres of and Moran’s I sta-
tistic values. The association between HFMD with a
single factor (first row in Fig. 2) and their interaction
(second row in Fig. 2) were tested by the Fréchet dis-
tance approach (Alt and Godau, 1995) and the geo-
graphical detector method (Wang et al., 2010b, Wang
and Hu, 2012) (Fig. 2) comparing the time series of
spatial clustering of HFMD and climate variables
(third row in Fig. 2).
The Fréchet distance is the measure of similarity
between two curves. This method takes into account the
location and ordering of the points along the curves. A
popular illustration of the Fréchet distance of two
curves is the following: suppose a man (symbolizing the
driving force of a disease) walking (spatial dynamics)
his dog (the disease) on a leash (the association between
the disease and its driving force); the man (the force) is
walking (moving forward) along one curve (time series
of the driver) and the dog (spatial dynamics of the dis-
ease) on another curve (time series of the disease). Seen
in this way, the Fréchet distance is the shortest length of
the leash (association) allowing them (the determinant
and disease) to be on two separate curves from start to
finish. Given two curves, f: [a, a’] V, g: [b, b’] V,
δF(f, g), where V stands for a Euclidean vector space,
their Fréchet distance is defined as:
where α(0) = a, α(1) = a’, β(0) = b and β(1) = b’. The
factor δF is obviously symmetric and the triangle
inequality holds; the two curves are equivalent if the
distance between them is zero (Alt and Godau, 1995).
Two curves with different lengths [a, a’] and [b, b’] are
standardised into the same length [0, 1], by two trans-
fer functions α and β, with a parameter t ∈ [0, 1], the
values of the two curves f and g are then coordinated
by α(t) and β(t) respectively, and their difference meas-
ured by δF(f, g) as defined by the equation above. The
discrete Fréchet distance provides a good approxima-
tion of the continuous measure and can be efficiently
computed using a simple algorithm (Eiter and
Mannila, 1994). The similarity between two curves is
determined by the equation:
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δF(f, g) = inf
α[0, 1][a, a’]
max || f(α(t)) - g(β(t)) ||
t ∈ [0, 1]
β[0, 1][b, b’]
SI(f, g) =  1 -
inf
α[0, 1][a, a’]
max || f(α(t)) - g(β(t)) ||
t ∈ [0, 1]
β[0, 1][b, b’]
sup
α[0, 1][a, a’]
max || f(α(t)) - g(β(t)) ||
t ∈ [0, 1]
β[0, 1][b, b’]
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where SI(f, g) ∈ [0, 1]. A value near 1 indicates more
similarity between the two curves, while a value near 0
indicates less similarity between them. I standardizes δF
into [0. 1] in order to facilitate determining the degree
of similarity between two curves in the limited bound.
The degree of global spatial data clustering was
measured using Moran’s I coefficient (Moran, 1950).
The value of a Moran’s I lies between -1 and 1, where
the value near +1.0 indicates clustering of HFMD
incidence or climate indictors, while -1.0 indicates
spatial dispersal. Spatial clustering at time t was
obtained by:
where yi(t) is HFMD incidence or climate indictors
observed at location i in week t, y– the mean of a
quantity such as the number of cases or a climate
indicator averaged over the country in the t-th
week, and wij is the weight between two locations
calculated by the inverse distance square method.
The time series of I(t) was often noisy, so it was fil-
tered using a discrete wavelet transformation imple-
mented by the Matlab computer library with
Daubechies db3 as the mother-wave and four
decomposition levels (http://www.mathworks.com).
The time series was thus decomposed into low-fre-
quency components (a1, a2, a3, a4), reflecting their
fundamental trend, and high frequency components
(d1, d2, d3, d4) reflecting the noise caused by random
factors. The wavelet principle is explained by Fig. 5,
where Moran’s I of HFMD is decomposed into a1
and d1; the trend of a1 first not being clarified so it
is further decomposed into a2 and d2 and so on until
we reach a4, in which the low frequency component
(a4) clearly displays the spatial dispersion from
August until late November. The wavelet decompo-
sition of climate indicators in Fig. 5 can be inter-
preted in a similar way. The red lines mark the low-
est spatial clustering of HFMD (in late November)
and of the major climate indicators (in October),
respectively.  
A disease will exhibit a spatial distribution similar to
that of an environmental factor, if the environmental
attribute leads to the disease. This maxim has generat-
ed the geographical detector (Wang et al., 2010b) that
can be applied for incidence prediction, since people
living in different climate strata may have distinctly
different incidences of HFMD. The geographical
detector is grounded on the power of determinant
(PD), which generates four detectors (Wang et al.,
2010b) as follows from the equation:
where ℜ and σ 2 denote the area and the variance of
disease incidence of the study area, respectively. The
study area is stratified into L strata, denoted by h =
1, …, L (Wang et al., 2010a), according to spatial
heterogeneity (defined as an attribute of which sta-
tistical properties, e.g. mean and standard deviation
or change in space) of a suspected determinant or its
proxy of the disease. PD ∈ [0, 1] means that PD can
vary between 1 (the determinant completely controls
the disease) and 0 (the determinant is completely
unrelated to the disease). Therefore, the PD reflects
the degree to which a determinant explains the dis-
ease prevalence. The geographical detector examines
whether two health determinants, A and B, together
weaken or enhance one another, or whether they are
independent in contributing to the development of a
disease. The interaction between these two determi-
nants can be justified by comparing the sum of dis-
ease contribution of two individual attributes with
the contribution of the two attributes when com-
bined, i.e.
They enhance if PD(A∩B) >PD(A) or PD(B)
They enhance (bivariate) if PD(A∩B) >PD(A) and PD(B)
They enhance (nonlinear) if PD(A∩B) >PD(A) + PD(B)
They weaken if PD(A∩B) <PD(A) + PD(B)
They weaken (univariate) if PD(A∩B) <PD(A) or PD(B)
They weaken (nonlinear) if PD(A∩B) <PD(A) and PD(B)
They are independent if PD(A∩B) = PD(A) + PD(B)
where the interaction (symbolised by ∩) can easily be
implemented in a geographical information system
(GIS) by overlaying the two factor layers A and B. The
geographical detector approach was implemented by
using a computer package available at
http://www.sssampling.org/geogdetector (Wang and
Hu, 2012).
Results
Fig. 3 shows the mass centre tracks of HFMD inci-
dence and the different climate indicators during the
47 weeks from 1 May 2008 to 26 March 2009, in
which the mass centre disease tracks appear to follow
the temperature variations. The relation between cal-
endar date and the week number marked in Fig. 3 is
shown in Table 1.
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Fig. 3. HFMD mass centre movements and the climate indicators during the 47-week period (numbers correpond to the weeks of
Table 1).
Table 1. Correspondence between week number of the study period and calender date.
Week
Date*
1
2008-5-1
2
2008-5-8
3
2008-5-15
4
2008-5-22
5
2008-5-29
6
2008-6-5
7
2008-6-12
8
2008-6-19
9
2008-6-26
10
2008-7-3
Week
Date*
11
2008-7-10
12
2008-7-17
13
2008-7-24
14
2008-7-31
15
2008-8-7
16
2008-8-14
17
2008-8-21
18
2008-8-28
19
2008-9-4
20
2008-9-11
Week
Date*
21
2008-9-18
22
2008-9-25
23
2008-10-2
24
2008-10-9
25
2008-10-16
26
2008-10-23
27
2008-10-30
28
2008-11-6
29
2008-11-13
30
2008-11-20
Week
Date*
31
2008-11-27
32
2008-12-4
33
2008-12-11
34
2008-12-18
35
2008-12-25
36
2009-1-1
37
2009-1-8
38
2009-1-15
39
2009-1-22
40
2009-1-29
Week
Date*
41
2009-2-5
42
2009-2-12
43
2009-2-19
44
2009-2-26
45
2009-3-5
46
2009-3-12
47
2009-3-19
*yyyy-mm-dd
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Fig. 4. Similarity indices between HFMD incidence and the various climate indicators. The X-axis denotes the time lag in weeks.
Fig. 4 shows that the incidence of HFMD and the
variation pattern of temperature indictors (the mean,
maximum and minimum temperatures) were well
matched most of the time, although this similarity var-
ied depending on the time lag. The similarity between
HFMD and temperature increased significantly (from
0 to 7 weeks’ delay), and the strong association
remained for 7-8 weeks. The effect of temperature on
HFMD transmission could be divided into three phas-
es (Fig. 4). 
Phase 1: coupling. These was no significant similar-
ity between the tracks of the temperature indicators
and the incidence of HFMD from 0 to 7 weeks’ delay.
The similarity between the tracks increased over time,
while this pattern was the opposite for other climate
indicators. 
Phase 2: coupled. With a time lag from 7 to 15
weeks, the similarity indices between the tracks of the
mass centres of HFMD and temperature reached
approximately 0.8, which indicates that they were
highly coupled at the time lags. 
Phase 3: decoupling. When the time lag was longer
than 15 weeks, the similarity indices between the
tracks of the mass centres of HFMD and temperature
decreased, which suggests a decreased effect of tem-
perature on HFMD transmission. 
The association of HFMD with other climate indica-
tors (air pressure, wind speed, sunshine, humidity and
precipitation) could be divided into two periods (Fig. 4).
Period 1 with a weak effect. At the start of a 9-
week outbreak period, the similarity indices were
between 0.3 and 0.7, suggesting that there was no
significant association between the incidence of
HFMD and these climate indictors. Wind and pre-
cipitation had a higher similarity with the incidence
of HFMD than other climate indicators, which
implies that these two climatic variables had more
effect on HFMD transmission.
Period 2: recession. Nine weeks later, the mass cen-
tre tracks of climate indicators and the incidence of
HFMD became less similar, indicating that the effect
of the climate indictors on HFMD decreased during
this period. Fig. 5 shows that a temporal trend (a4) of
HFMD clustering occurred from May to August 2008
and then dispersed by September. However, clustering
reappeared in the period December 2008 to March
2009 (latest available data). The spatial pattern was
the same, but it had an approximate 7-week time lag
with respect to the temperature indictors. The temper-
ature variation was well matched with the temporal
trend of HFMD at the time lag of seven weeks.
Discussion
According to Fraser et al. (2009), the evolution of
the spatial macro patterns of HFMD incidence is due
to external manifestation of virus micro movements.
Both human outdoor activities and enterovirus mobil-
ity increase with higher temperatures, thereby aug-
menting the possibility for HFMD contagion. The
dynamics of spatial clustering of air pressure and sun-
shine hours are similar to those of temperature
because these two climate indictors have a strong asso-
ciation with temperature. The 7-week delay in HFMD
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Fig. 5. Wavelet decomposition of Moran’s I values of HFMD and climate indicators (the red lines mark the lowest spatial clustering
of HFMD in late November and of the major climate indicators in October, respectively).
a
b
c
d
e
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State Interval
A: Temperature variation
B: HFMD enterovirus responses to temperature variation
C: Population response to HFMD enterovirus variation
D: Population infected but in a latent phase
E: Infected person showing symptoms
F: Symptoms becoming obvious enough to make the infected
visit a clinic where he/she is recorded by the national disease
notification system.
Table 2. States and intervals from the point of climate variation to the disease response.
a(Goh et al., 1982; Garner and Lack, 1995); b(Alsop et al., 1960; Chang et al., 2002); c(Alsop et al., 1960); d(Wang et al., 2011).
}
}
}
}
}
The lag between states A and B still unclear
The lag between states B and C still unclear
The lag between states C and D still unclear
The lag between states D and E is 1 weeka, 1-7 daysb or 5-6 daysc
The lag between states E and F for severe cases is ≥5 daysd
Year/month
Climate factors
A B C A∩B A∩C B∩C
2008-05
2008-06
2008-07
2008-08
2008-09
2008-10
2008-11
2008-12
2009-01
2009-02
2009-03
0.043
0.040
0.017
0.015
0.026
0.010
0.029
0.015
0.045
0.028
0.060
0.119
0.049
0.019
0.031
0.112
0.089
0.111
0.025
0.069
0.104
0.087
0.041
0.049
0.012
0.090
0.054
0.042
0.017
0.017
0.022
0.040
0.102
0.178
0.144
0.103
0.219
0.460
0.194
0.315
0.138
0.263
0.226
0.311
0.141
0.116
0.077
0.316
0.307
0.157
0.131
0.131
0.184
0.141
0.257
0.201
0.169
0.088
0.352
0.347
0.197
0.320
0.116
0.220
0.262
0.248
Table 3. Climate indicators associated with HFMD transmission.
A = monthly average precipitation; B = monthly average temperature; C = monthly total solar radiation; ∩ = interaction.
temperature response is composed of five temporal
intervals between six sequential states (Table 2). At
any particular temporal cross-section, some area is
dominated by either one of the states.
We examined whether there are interactions
between monthly temperature, precipitation, and total
solar radiation, and their effect on HFMD spatial
transmission. Table 3 shows that the PD values of an
interaction between any two of the climate indicators
are larger than any single value, which suggests that
the climate indicators interact and enhance their effect
on the spatial transmission of HFMD. The interaction
between temperature and other climate indicators had
a significantly greater effect than any other interaction
on spatial transmission of HFMD. The PD values of
climate in spring and autumn were higher than those
in summer and winter. This finding indicates that spa-
tially stratified non-homogeneity of climate in spring
and autumn strongly controls the spatial dynamics of
HFMD. Also, the disease transmission is less sensitive
to climate change during the summer and winter than
in the spring and autumn.
The statistical approach is good at summarizing
the features of spatio-temporal phenomena and also
for interpolating the processes based on spatio-tem-
poral autocorrelation. However, it is limited with
respect to the understanding of the physical mecha-
nism at work and also limited with regard to inter-
pretation of the biological principle of the 7-week
delay of HFMD transmission with temperature vari-
ation. Mathematical modelling of a disease process,
including the mechanism of transmission, can be
employed to extract epidemiological parameters
(Wang et al., 2006, 2011a), and it has been success-
fully applied to simulate scenarios under different
controlling strategies for many diseases, such as
mouth-foot disease (Keeling et al., 2003), influenza
(Ferguson et al., 2005) and smallpox (Riley and
Ferguson, 2006). The mathematical modelling
approach deserves to be applied to HFMD. The chal-
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lenges include multi-source endemics of HFMD
(Wang et al., 2011a) and parameters associated with
the variation of external determinants, e.g. human
movements, weather and change in land use (Hu et
al., 2012).
Conclusions
Understanding the connection between disease and
environmental factors should be helpful for the treat-
ment of a disease. The finding of a delay of 7 weeks
between HFMD spatial distribution and any tempera-
ture change, bridges the gap between disease predic-
tion and weather prediction. Moreover, it permits
forecasting the HFMD transmission based on spatio-
temporal temperature variation, which may be esti-
mated by atmospheric science and meteorological
forecasting. Intervention strategies would be much
more efficient if they could be customised to spatial
clustering and disease dispersal during different sea-
sons. Consequently, intervention and prevention meas-
ures should predominantly focus on vulnerable popu-
lations, such as kindergartens and junior schools locat-
ed in HFMD risk areas during periods of high risk.
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